Mobile robots are increasingly being used in high-risk, rough terrain situations, such as planetary exploration and military applications. Current control and localization algorithms are not well suited to rough terrain, since they generally do not consider the physical characteristics of the vehicle and of its environment. Poor attention has been devoted to the study of the dynamic ill-effects occurring at the wheelterrain interface, such as slip and sinkage. These effects compromise odometry accuracy and traction performances leading to danger of entrapment with consequent mission failure.
INTRODUCTION
For mobile robots driving across soft soils, such as sand, loose dirt, or snow, it is critical that dynamic effects occurring at the wheel-terrain interface be taken into account. The most prevalent of these effects are wheel slipping and sinkage, which greatly affect a robot's mobility.
Current control and localization algorithms generally do not consider the physical characteristics of the vehicle and of its environment. Failure to understand these characteristics could lead to danger of entrapment, inaccurate rover position estimation, and poor traction performances.
Field trials performed at the Jet Propulsion Lab (JPL) in Pasadena, California, using a terrestrial analog of the Mars Exploration Rovers have indicated that there is a great amount of slippage in the drive wheel during traversal of Mars-like terrain [1] . This precludes the use of conventional deadreckoning techniques for navigation [2] , since they are based on the assumptions that wheel revolutions can be translated into linear displacement relative to the ground. This assumption is only of limited validity on loose terrain. If one wheel slips, then the associated encoder will register wheel revolutions even though these revolutions do not correspond to a linear displacement of the wheel. Conversely, if one wheel skids, fewer encoder pulses will be produced. Thus, in order to function properly on rugged terrain, it is necessary to take into account vehicle-terrain dynamic effects such as slipping and skidding.
Minimizing slip not only limits odometric errors but also reduces the overall energy consumption and increases the robot's traction and climbing performance [3] .
Wheel sinkage is a key variable in estimating vehicleterrain interaction. Wheels can sink in soft soils to depths sufficient to prohibit further motion. As is the case with wheel slip, it is desirable to have the capability to sense excessive wheel sinkage so that corrective controls may be executed before the vehicle becomes immobile. Sinkage measurements are also valuable for reducing position estimation errors. The accuracy of kinematic models used to estimate rover position updates depends on accurate knowledge of the wheel radius, which is used to compute the equivalent linear distance traveled by a wheel from the encoder reading.
As the load-bearing strength of soil varies under rover wheels, so does the amount of wheel sinkage and the wheel effective rolling radius, thus decreasing the odometric accuracy. To reduce the effect of propagating this non-systematic error during rover traverses on varied terrain, a means to measure wheel sinkage (and therefore effective wheel radius) is needed.
Finally, wheel sinkage has been shown to be an important input to terrain identification according to classical terramechanics theory [4] . This paper presents recent work of the authors in algorithm development for the study of the ill-effects associated with the interaction of vehicle wheels with terrain. Novel measures for wheel slippage detection are introduced based on observing many different sensor modalities implemented on the vehicle and defining deterministic conditions for slippage occurrences. Specifically, two methods are described that compare data from encoders with (1) gyro data, and (2) electric motor current data, to determine whether wheels are slipping or "gripping" in a given sampling interval.
A Visual Sinkage Estimation (VSE) algorithm is also presented employing a camera attached to the vehicle body. The algorithm is based on an edge detection strategy which allows computational simplicity providing fast and accurate real time measurements.
The methods here proposed can lead to accurate and efficient understanding of dynamic ill-effects due to wheelterrain interaction. Such techniques could enhance vehicle safety and mobility, through integration with control and motion planning methods.
All components of our system for wheel slip detection were extensively tested on a fully functional, kinematically equivalent clone of JPL's Fido-class rovers [5] , which was built at the Mobile Robotics Laboratory of the University of Michigan. Our clone, called "Fluffy" (see Figure 1 ), is about half the size of Fido, but it features the same 6-wheel independent drive steering and a rocker-bogie passive suspension system.
Fluffy is equipped with an onboard, in-house built inertial measurement unit (IMU) that uses three fiber optic gyros for estimating the spatial orientation of the robot, two accelerometers for static tilt measurements, and six independent wheel encoders for odometry [2] .
In order to develop the VSE and validate its performances, a testbed for wheel sinkage identification was built at the Politecnico of Bari, which will be described later in Section 3.
Section 2 introduces measures for wheel slippage detection, while the vision-based algorithm for sinkage estimation is described in Section 3. Experimental results and a discussion conclude this paper in Section 4.
MEASURES FOR WHEEL SLIPPAGE DETECTION
The greatest enemy of odometric accuracy is wheelslippage, and vehicles that travel on sandy surfaces are at risk the most. This is particularly true for rover-like vehicles due to their overconstrained nature, i.e. with more independent motor than degrees of motion. For these vehicles, any momentary mismatch between wheel velocities with respect to the vehicle kinematic constraints will results in wheels "fighting" each other, and, consequently, slippage or skidding with ill-effects such as position estimation errors, increased power consumption, and loss of traction.
In this section we discuss methods for the detection of Wheel Slippage (WS) conditions. The rationale is that it is generally beneficial to know that WS has occurred or that the wheel is approaching a condition of impending slippage in order to reduce and compensate odometry errors and optimize traction control.
In order to detect WS, we developed a set of what we call "WS indicators." The general approach is based on observing many different sensor modalities implemented on the vehicle and defining deterministic conditions for wheel slippage. The output of a WS indicator can be a binary flag that indicates that WS has occurred.
The most effective WS indicators we found are:
Gyro Indicator (GI) -compares encoder readings with those of the gyro that measures rate-of-turn around the z-axis.
Current Indicator (CI) -monitors motor currents, which are roughly proportional to the external torque applied to each wheel.
In the remainder of this section we discuss each indicator in some detail and offer experimental results in Section 4.
Gyro Indicator
This method aims at detecting wheel slippage by comparing encoder data with gyro data.
The motion of a rigid body can always be expressed as a momentary pure rotation about a so-called Instantaneous Center of Rotation (ICR), as shown in Figure 2 . For straight-line We can compute the rate-of-turn, ω, of the vehicle from each one of the three encoder pairs, identified by index i: the Front, the Center, and the Rear pair, according to:
Where: We can now compare each of the three ω Enc,i with the rateof-turn measured by the z-axis gyro ω Gyro , which we consider the ground truth in this approach. If no slippage occurred in a wheel pair, then one can expect good correspondence between the rates-of-turn derived from the encoders of that wheel pair and the gyro. Poor correspondence suggests wheel slippage.
The GI states that slippage is occurring in wheel pair i, if the following condition is met:
where, ∆ω is an empirically determined threshold. Figure 3 shows the sensor signals and the output of the GI obtained in a test on sand driving the rover at a constant rate-ofturn of 4°/s and deliberately producing slippage by manually holding back the vehicle using strings attached to its frame. The bold red line is the ground truth, provided by the gyro. The blue line is the rate-of-turn computed by the rear encoder pair.
The output of the GI is what we call the WS flag: when the discrepancy between the rate-of-turn derived from the rear encoders and the gyro exceeds an experimentally determined threshold (thus indicating a high likelihood for WS), the WS flag is raised. This is shown by a red line in the bottom part of 
Current Indicator
The Current Indicator (CI) aims at detecting WS through the use of the well-established physical model of wheel-terrain interaction mechanics. Wheel-terrain interaction has been shown to play a critical role in rough terrain mobility [6] .
When a torque is applied to the wheel, shearing action is initiated on the running gear-terrain interface. The maximum tractive effort that can be developed by a wheel is determined by the shear strength of the terrain according to the CoulombMohr soil failure criteria:
Where:
c, ϕ -cohesion and internal friction angle, respectively. These coefficients characterize the behavior of the terrain Awheel contact patch, which is a function of wheel geometry and of the weight acting on the wheel σ -normal component of the stress region at the wheelterrain interface (Figure 4 ). W -vertical load acting on the wheel.
For loose sand, the values for the soil parameters can be found in [4, 7] : c = 1 kPa and ϕ = 30°.
Since torque is proportional to current, the knowledge of the maximum shear strength of a given terrain allows estimation of the electrical current I max that is drawn by the wheel drive motor corresponding to the maximum tractive effort. We call this current the maximum traction current.
In practice, I max can be determined experimentally for a given terrain, and the condition of total slippage of the wheel is evaluated as:
where I i is the current drawn by the motor of wheel i and ∆I is an empirically-determined threshold (in our system: 10% of I max ). We should note that I max is a function of the vertical load acting on the wheel for a given terrain. For instance when the vehicle is traversing a slope, I max will decrease according to Eq. (4) since only part of the total vehicle weight acts to produce load on wheel axles.
It is worth mentioning that motor currents higher than I max +∆I are possible, for example when a wheel tries to rolls up a rock. It should also be noted that Eq. (4) could only be used for predicting the maximum tractive effort of a wheel. However, methods for evaluating quantitatively the amount of slippage have been proposed by the authors in previous works where the shear stress-shear displacement relationship of a given terrain was also considered [2, 8] .
Here we are concerned with developing a framework for different WS indicator, and for that, our simplistic empiric approach is sufficient.
WHEEL-SINKAGE ESTIMATION
In this section, we present a vision-based algorithm for estimating wheel sinkage in sandy soil, which we call the Visual Sinkage Estimation (VSE).
Here, we assume the presence of a camera mounted on the vehicle body, with a field of view containing the wheel-terrain interface. We also assume that the location of the wheel relative to the camera is known and fixed during the vehicle travel. 
The VSE requires a pattern of equally spaced 1-mm thick concentric circumferences attached to the wheel in order to determine θ c using an edge detection-based strategy. This approach allows algorithmic simplicity and computational efficiency, providing fast, real-time measurements.
In practice, the VSE operates by identifying the wheel radial lines (red bold line in Figure 5 ) where the number of detected edges is less than that expected when the wheel rolls without sinkage. Those lines can be associated with the part of the wheel obscured by sand and thus with the sinkage.
Specifically, the algorithm consists of the following steps: 1) Region of Interest (ROI) identification, 2) pixel intensity computation, and 3) contact angle estimation. Each step is discussed in detail in the remainder of this section.
ROI Identification -In order to estimate the contact angle θ c , the annular region along the wheel rim including the circumference pattern is the only image area that needs to be examined. Thus, a ROI identification is first performed reducing computational time and improving accuracy. It is assumed that the position of the wheel center relative to the camera and the geometry of the wheel are known allowing to identify the ROI using simple geometric projections. This is shown in Figure 6 where the ROI is overlaid to a sample image.
Figure 6. ROI identification on a sample image
Pixel Intensity Computation -A pixel intensity analysis is performed along radial lines spanning across the selected ROI with an angular resolution of 1°. A typical intensity plot along a radial line is reported in Figure 7 . The VSE differentiates between a so-called "wheel region" where the wheel is not obscured by sand and a "sand region" where the soil is covering the wheel. As shown in Figure 7 , the wheel region is characterized by high intensity variations that can be classified as "edges", while the sand region shows an almost uniform Figure 5 . Rigid wheel sinking into deformable terrain Figure 7 . Sample plot of pixel intensity along a radial line intensity value. An adaptive threshold for selecting the appropriate edge intensity contrast along each of the radial lines was experimentally determined as:
where L Max and L Min are the maximum and the minimum intensity measured along the given line. Filtering is applied to reduce noise and small-scale changes in intensity due to reflection, pebbles, etc.
Contact Angle Estimation -The contact angle θ c is estimated as the wheel angle along which the transition between the wheel region and the sand region is observed. In Figure 8 , where only the right half of the ROI of a sample image is shown, this angle results θ c =29° with an associated sinkage of z= 10 mm. 
WS Indicators
In order to test the effectiveness of the proposed methods for WS detection, we conducted some experiments with our rover prototype Fluffy operating in a rough-terrain environment. As demonstrated by the Mars exploration of the NASA/JPL rover Opportunity [9], wheel slip is a dominant effect on sandy slopes. For that reason we performed a set of experiments using the adjustable tilt platform shown in Figure 9 . The platform consists of a 3 m × 2 m plywood panel that can be jacked up to modify the inclination of the slope. The plywood was covered with a 2-cm thick sand layer.
Fluffy was remotely-controlled to negotiate the slope with a constant speed of 6 cm/s starting from a horizontal area, about one meters before the beginning of the slope. Different platform inclinations were tested varying from 0 to 17°.
For all the experiments, the slippage detection derived by the WS indicators is expressed in terms of a binary output in the form of what we call the All Wheel Slippage (AWS) flag: when the slippage condition established by the indicator is simultaneously met by all the wheels of the vehicle, then the flag is raised. Thus, the AWS flag is set high when slippage is detected and low when the wheels of the vehicle are "gripping."
Installed in our tilt platform is an absolute position measurement device that uses four ultrasonic receivers at the corners of the sandbox and a star-like formation of four ultrasonic transmitters mounted on Fluffy. Within the confined area of our sandbox this system provides absolute position information in real-time and with sub-centimeter accuracy. From this ground truth data we can easily determine when the rover was experiencing slip: the speed measured by the absolute position sensor is no longer equal to the nominal speed of the rover. When this condition is detected, the ground truth AWS flag is raised.
The original sensor signals and the output of the indicators are plotted in Figure 10 The output of the GI is the AWS flag, shown by magenta dots in the bottom graph of Figure 10 . Because many of the dots are very close to each other, they may look like a solid line.
The center plot of Figure 10 shows the sensor signals of the CI instead, for the left center motor. Whenever that current is within the shaded area, the condition of Eq. (4) is met and slippage of that wheel is likely. When Eq. (4) is met for all six motors, then the current-based AWS flag is raised. This flag is shown as the cyan dots in the bottom graph along with the ground truth flag which is indicated by the continuous red line.
We should explain, though, that the front wheels of Fluffy (as well as those of JPL's Fido) carry only a disproportional small load. For this reason, we disregard and exclude from the motor current measurements the currents of the front motors.
As the vehicle travels across the horizontal portion of the sandbox sand (first 18 seconds) no significant slippage occurs and in the drive motors flow the nominal operating electrical current I o . The beginning of the slope signs the onset of the vehicle slip as shown by the ground truth AWS flag.
We can thus compare the accuracy of the GI and the CI AWS flags to the ground truth flag. For this experiment, the GI correctly flagged AWS for the 56%. The CI flagged correctly AWS for the 91% of time instead.
When the two flags were logically OR-ed, the indicators were correct for the 93% of the time. The percentage of false positives (warning of AWS when there actually was no AWS) was only 1%.
Sinkage Estimation
Experiments have been performed on the testbed shown in Figure 11 . The testbed consists of a driven 16 cm-diameter wheel mounted on an undriven vertical axis. A low-cost wireless 1-channel analog camera is mounted to the testbed looking at the wheel-terrain interface.
The VSE was tested under different operating conditions including terrain unevenness conditions, variable lighting conditions, and with and without rocks.
Representative results under uniform lighting are shown in Figure 12 , where the visually-estimated sinkage is indicated along with the percentage relative error with respect to the actual value, which was derived from a potentiometer mounted to the vertical axis of the testbed.
Generally, the algorithm detected accurately the wheel sinkage; the error was always within 13%. The relatively low accuracy is due to the 2-mm distance used between two consecutives edges in the chosen pattern attached to the wheel. However, better resolution could be achieved by employing a more sophisticated camera.
The visual measuring system proved to be very robust to uneven and weak lighting. Results for various lighting conditions are shown in Figure 13 . The VSE continued to work well even for lighting reduction as much as 90% of the optimal value (L=0.9).
No misidentification was detected in all the experiments due to reflections off the wheel and shadowing.
The VSE was able to provide real-time estimation of wheel sinkage with minimum computational requirements and a sampling rate of 5 Hz.
CONCLUSIONS
This paper presented methods for wheel slip and sinkage detection, optimized for rough-terrain mobile robots.
Measures for wheel slippage identification were presented, which compare readings from encoders with data from a gyroscope and current sensors mounted on onboard the vehicle. They were shown to be effective in experimental trials performed on high-slippage, sandy slope detecting 93% of the A vision-based method for measuring wheel sinkage was also described and shown to be computationally efficient, relatively accurate with errors within 13% and very robust to lighting variation.
It was shown that these techniques can be used to gain important information about vehicle-terrain interaction and to improve dead-reckoning accuracy and traction control in roughterrain autonomous vehicles.
